In this paper, we propose a fully automatic method for extracting carotid artery contours from ultrasound images based on an active contour approach. Several contour extraction techniques have been proposed to measure carotid artery walls for early detection of atherosclerotic disease. However, the majority of these techniques require a certain degree of user interaction that demands time and effort. Our proposal automatically detects the position of the carotid artery by identifying blood flow information related to the carotid artery, and an active contour model is employed that uses initial contours placed in the detected position. Our method also applies a global energy minimization scheme to the active contour model. Experiments on clinical cases show that the proposed method automatically extracts the carotid artery contours at an accuracy close to that achieved by manual extraction. key words: active contour model, ultrasound, carotid artery, plaque 
Introduction
According to data from the World Health Organization (WHO), cardiovascular disease (CVD) is the global number one cause of death [1] . The WHO reports that an estimated 17.3 million people died of CVDs in 2008, accounting for 30% of all global deaths, and predicts that the number of deaths from CVDs will rise to 23.3 million by 2030. The earliest manifestation of the CVDs is atherosclerosis, which causes carotid arterial wall thickening and atherosclerotic plaques. Early detection of atherosclerotic disease is thus very important. Several imaging modalities are currently used for assessing the health of arteries, including magnetic resonance imaging (MRI), computed tomography (CT), and ultrasound. Ultrasound is favored as a non-invasive and inexpensive modality, and is widely used for screening and routine examinations in clinical practice.
The most widely used indicator of atherosclerotic disease is the intima-media thickness (IMT) of the carotid artery walls [2] , [3] . Using ultrasound, IMT can be measured by sonographers on longitudinal B-mode images. In general, sonographers manually trace the lumen-intima (LI) interface and media-adventitia (MA) interface. IMT is then recorded as the distance between the traced lines.
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It has recently been reported that the carotid plaque burden as quantified by ultrasound is a better index of coronary artery calcium score than IMT, so it is expected that a switch to measuring the carotid plaque burden will lead to improved prediction of hard coronary events [4] . It has also been reported that using ultrasound to assess carotid plaque gives higher diagnostic accuracy than IMT for the prediction of future myocardial infarction and for the detection of coronary artery disease [5] . Furthermore, several techniques have been proposed for constructing the threedimensional structure of the plaque to be able to measure carotid plaque volume and its progression [6] , [7] . Typically, transverse sections of the carotid artery are used to quantify these plaques, and sonographers then manually trace the LI and MA boundaries.
However, manual tracing is not a reproducible process and may give different results each time. These manual processes are also painstaking and time-consuming, making them impractical at clinical sites. Computer-aided techniques for detecting the boundaries are thus desired.
Several automatic or semi-automatic methods for detecting the contours of the carotid arteries from ultrasound images in the transversal view have been proposed [8] - [10] . Due to its robustness to noise and boundary gaps, the active contour model (ACM), which is also called "snakes," proposed by Kass et al. [11] , is being widely used for contour detection in medical images.
Detecting boundaries is challenging because of the poor quality of ultrasound images (speckle noise, imaging artifacts, weak edges, and so on). In a transversal view of the carotid artery, part of the artery wall is often missing due to the lack of contrast in the direction parallel to that of the ultrasound beam.
In our study, we propose a fully automatic extraction method of carotid artery contours from ultrasound images in transversal view obtained by freehand scanning. We detect the position of the carotid artery using blood-flow information, place the initial contours in the detected position and then employ an active contour model. We also apply a global energy minimization scheme to the active contour model.
Our paper is organized as follows. In Sect. 2, we present the proposed method. The results gained using this method are shown in Sect. 3. Section 4 lists our conclusions.
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Proposed Method
The proposed method consists of two processes: the first detects the position of the carotid artery, and the second extracts the contours. In Part 2.1 of this section, we give a general overview of carotid ultrasound images. The details of these two processes as part of the proposed method are described in Sects. 2.2 and 2.3. Figure 1 shows a schematic structure of the carotid artery. The artery wall consists of three layers: the inner, middle, and outer layers, which are respectively called the intima, media, and adventitia. The carotid artery runs along the axis of the neck, and the common carotid artery (CCA) bifurcates into the internal carotid artery (ICA) and the external carotid artery (ECA). Figure 2 is a schematic illustration of one method of obtaining ultrasound images. In this study, B-mode and power mode ultrasound images are both obtained by manual scanning, in which the probe is slowly moved straight along the neck of the patient at an almost constant speed. The probe is oriented so as to acquire transverse images of the carotid artery.
Overview of Carotid Ultrasound Images
Examples of ultrasound images used in the proposed method are shown in Fig. 3 
Detection of the Position of the Carotid Artery
In the first process, the position of the carotid artery is detected. This process automatically generates its initial contours.
Detecting the carotid artery is difficult, since the quality of ultrasound B-mode images is poor. Moreover, not only the carotid artery but other tissues appear in the images, and in many cases are difficult to distinguish from the carotid artery. As it is particularly difficult to differentiate the jugular vein and carotid artery, it would be a major challenge to detect the carotid artery automatically using only B-mode images.
In our process, the positions of blood vessels carrying moving blood are specified by analyzing B-mode images and power mode images. The blood flow in the carotid artery can be identified by analyzing the connectivity of blood flow to neighboring frames. Figure 4 shows a flowchart of the process. This process consists of four steps. Each step is described below.
Step 1: Detection of blood-flow regions Blood-flow regions are extracted from each set of power-mode images. The power mode images comprise power Doppler signals displayed as colored pixels, as shown in Fig. 3 (b) . The regions where blood flow takes place are extracted by comparing the pixel values with a threshold value. Several blood-flow regions may be extracted from one power mode image. The center of gravity of each bloodflow region is extracted as the representative point, hereinafter called a blood-flow point.
The white regions depicted in Fig. 3 (c) show examples of blood-flow regions extracted from the power mode image shown in Fig. 3 (b) ; and the white points depicted in Fig. 3 (d) show the blood-flow points. This detection step is applied to all obtained ultrasound images.
Step 2: Grouping of blood-flow points in 3D space
The grouping of blood-flow points is achieved by considering the continuity of blood-flow points in 3D space. In the following steps, blood-flow points are analyzed in 3D space. As shown in Fig. 5 (a), blood-flow points extracted from each ultrasound image are arranged in 3D space so that ultrasound images are arranged in parallel at equal intervals. Figure 5 (b) shows an example of a 3D representation of blood-flow points. Each blood-flow point is described as a circle. At this stage, the carotid artery, the jugular vein, and other flow information are included in the blood-flow points.
We classify blood-flow points into several groups according to the spatio-temporal continuity of blood-flow points across multiple frames. This is achieved by using a connected-component labeling algorithm [12] . We give the same label to the blood-flow points in the same group.
The steps of our labeling method are as follows. (a) Find the blood-flow points in a cuboid region around each blood-flow point; (b) assign a new, unique label to the bloodflow point if no other points are found, or assign the same label as the point found in (a) if other points are found.
Figure 5 (c) shows an example of the labeling method. For a blood-flow point in cuboid region "A" in Fig. 5 (c) , other blood-flow points are detected in that region, and are assigned the same label. On the other hand, for a blood-flow point in cuboid region "B", no other blood-flow points are detected in the region "B", so a new unique label is assigned to that point. The grouping of blood-flow points is complete when all blood-flow points have been labeled. The size of the cuboid region is decided empirically so as to allow variations in scanning motion or speed.
Figure 5 (d) shows a result of the labeling process, in which blood-flow points with the same label are given the same color. As seen, blood-flow points are grouped based on their spatio-temporal continuity.
Step 3: Analysis of blood-flow groups
In this step, we identify and detect the set of the blood-flow groups relevant to the carotid artery by analyzing the features of inter-groups and intra-groups. We prepare several shape models of the carotid artery, as shown in Fig. 5 (e), with the blood-flow groups displayed with thick lines. The shape models are defined by their inter-group features. We find the set of groups that best match the model. When we compare the blood-flow groups and the shape models, we use intra-group features to decide weighting for the model fitting. The features used in this analysis are shown below. Intra-group features (i) Number of blood-flow points in the group (ii) Temporal period between the adjacent peaks of the area of blood-flow region in the group (iii) Average of the aspect ratio of the blood-flow regions in the group
Inter-group features (iv) Distance between the terminal point of the group and of the other groups
The intra-group features are used for distinguishing the blood-flow groups related to the carotid artery from the others, so little weight is given to the irrelevant groups. Weighting is empirically determined by using training samples. The inter-group feature is used for choosing the set of groups that are matched to the model of the carotid artery. By using the spatial relationships between groups rather than the details of shapes, robust matching to the variety of carotid artery shapes is achieved. Figure 5 (f), which shows a result of the analyzing step, displays the blood-flow points detected in this step. Bloodflow points related to the carotid artery are identified and detected, making it possible to recognize the shape of the carotid artery.
Step 4: Setting initial contours for each frame Based on the position of the extracted blood-flow points within the carotid artery, circular initial contours are placed on the B-mode ultrasound image. At most two initial contours are set to the frame according to the number of the extracted blood-flow points in the frame. Each initial contour is located such that the position of its center point corresponds to the position of the blood-flow point.
Extraction of Contours
The carotid artery contours are extracted from B-mode images based on the active contour method. In this process, contours corresponding to the MA borders, hereinafter referred to as "MA contours," are extracted using the abovementioned initial contour for the active contour model. Contours corresponding to the LI borders, hereinafter referred to as "LI contours," are extracted using the extracted MA contours as the initial contours for the active contour model. Each contour is extracted using the proposed active contour model, employing a global energy minimization scheme.
The extraction is processed for each initial contour. That is, the contours of ICA and ECA are extracted individually at the frame after the bifurcation. In the case that extracted contours are overlapped each other, the union of contours is extracted as the contour of bulb.
Extraction of the MA Contour
The snakes algorithm is a method of detecting a boundary by solving an energy minimization problem. The snakes energy is defined to be minimized to fit the desired object shape, and is generally represented by two energy terms; the internal energy term E int , and the external energy term E ext . The internal energy relates to the smoothness of the boundary, and the external energy relates to the image edges. Balancing the internal and external energies appropriately allows the contours of various shapes to be extracted.
A contour, P, is modeled with a discrete set of contour points.
where P n is the n th contour point, and the snakes energy is defined as follows.
where E int is the internal energy term, E ext is the external energy term, α is the weight parameter, and n is the index of the contour point. Each contour point is iteratively moved to a point where it has the minimum energy among neighboring points, and the optimal contour is obtained when the algorithm converges. We have made two alterations to the conventional snakes: (a) we limit the search area to a radial line, and (b) decide the series of optimum contour points using Dijkstra's algorithm. These are described below. Figure 6 shows a schematic illustration of the search region in the proposed algorithm. In our proposed method, the search points for each contour point are placed on a radial line passing through the center of the contour, P center , and each contour point P n . The search points are denoted as follows.
where P n,m is the m th search point (1 ≤ m ≤ M) corresponding to the n th contour point (1 ≤ n ≤ N). We also define the internal and external energy terms as follows, respectively:
where dist(A, B) is the Euclidean distance between point A and B, and I(A) is the intensity value of point A. In short, the internal energy term forces the contour into a circular shape, and the external energy terms forces the contour towards the rising edge of the image. By limiting the search region to radial lines, the internal energy terms can be more simply defined, thus reducing the processing cost of the calculation of snakes energy. Our other alteration is to decide the series of optimum contour points using Dijkstra's algorithm. In the conventional snakes process, E snake is calculated at all search points for each contour point according to Eq. (2), and the search point which gives the minimum energy value is selected as a new contour point. This process is iterated for every contour point. For ultrasound images, however, the contour with the minimum energy is not always in the optimum position on the carotid MA contour. In a transverse view of the carotid artery, not only the MA border but also the LI border or other tissues such as muscles, tendons, and fat may be described, each point of which may have a minimum energy. The lumen is represented as a dark region, so the external energy on the LI border often has much less energy than on the MA border. Hence, the proposed method applies a global energy minimization scheme to the conventional active contour method, to be able to extract more appropriate contours. In the proposed method, several candidate points are selected based on the snakes energy. In addition, the optimum contour point is extracted from the candidate points based on the global internal energy. First, for each contour point P n , E snake is calculated at all corresponding search points P n,m according to Eq. (2). The top three points in terms of snakes energy are selected. At this time, candidate points for image edges are chosen by assigning a larger weight to the external energy than to the internal energy. As a result, several candidate points for each contour point are extracted.
Next, the best candidate point is selected for each contour point, such that the combination of candidate points traces an optimum global shape for the carotid contour. Assuming a circular shape to be the optimal contour form for the MA contour, a global energy term, E global , is defined as follows.
where E angle is the energy related to the angle θ(X, Y) which is the angle formed between line XY and a straight line going through the point P center and the midpoint of line segment XY. By minimizing the global energy using a combination of optimum candidate points, the most accurate contour is extracted.
To retrieve the series of optimum points, we use Dijkstra's algorithm [13] . This is a graph search algorithm that solves the shortest-path problem for a graph. We define a graph whose nodes correspond to the candidate points, and the energy cost between the nodes is the value of the abovementioned E angle . Dijkstra's algorithm can be used to find the path with the minimum cost, analogous to solving the energy minimization problem. We used it to identify the optimal combination of candidate points. Figure 7 shows schematic illustrations of the proposed method. For ease of explanation, only a part of the contour is described. In Fig. 7 (a) , points A to L (white circles) are the candidate points, and P center is the center of the current contour point set P. The dotted lines show the search lines for each contour point. There is a maximum of three candidate points on each dotted line. The solid lines are the contour lines that connect each candidate point. Applying Dijkstra's algorithm to the graph shown in Fig. 7 (a) , in which the graph nodes are the points A to L, and costs between the nodes are the above-mentioned E angle , the path B, D, G, J, N is found to be the optimum path that incurs the minimum cost (the bold solid lines shown in Fig. 7 (b) ). The path thus has the minimum value of global internal energy, and the contour that is shaped in the form of the path has a globally optimum shape. The result is the extraction of the MA contour.
In the proposed method, the bottom point of the initial contour, P 1 shown in Fig. 6 , is assigned as the starting point of the graph. Since the posterior wall of carotid artery is often more well-defined than the other walls, the candidate points around the posterior wall are more likely to be close to the true image edge. By starting the graph with such point, the path closer to the true image edge is extracted.
Extraction of LI Contours
An LI border is often more ambiguous than an MA border in a B-mode image. Moreover, the representation of the LI border is affected by the presence of plaques. To detect the LI contours, we emphasize the LI border appropriately and apply the proposed active contour model in the region inside the MA contour.
First, several pre-processings are applied to the ultrasound B-mode image. Based on the intensity information only in the region of the inside of the MA contour, histogram equalization is applied. Then, a low pass filter is applied to reduce the speckle noise in the ultrasound B-mode image. This protects the extraction process from the influence of other tissues.
Next, the LI contour is searched using the active contour model. The extracted MA contour is assigned as the initial contour. Here, the carotid lumen is the path of blood and is filled with blood. It is assumed that there is no LI interface in the blood-flow regions, so searching is not applied to these regions, which are obtained from the power Doppler image. Figure 8 shows an example of the search region for the LI contour. The search region is set inside the MA contour, excluding the blood-flow region. By excluding the influence of blood flow, the appropriate contour can be found efficiently.
Note that we give a small weight to the abovementioned global and internal energy term when extracting the LI contour. In general, the cross section of the lumen is not always circular, since the shape of the LI contour varies, unlike the MA contour which often has a circular shape. Hence, we assign a smaller weight to the internal energy term than to the external energy term. In this way, we are able to extract the LI contour appropriately, regardless of whether plaques are present or not.
Experimental Results
We evaluated our proposed method using clinical cases from a medical institution. This study was IRB-approved and all patients gave their informed consent beforehand. The ultrasound images were acquired using a CardioHealth Station (Panasonic Healthcare Co., Ltd., Japan) fitted with a linear 9-MHz transducer. We used 61 sequences from eight patients.
First, we checked if the carotid artery could be correctly detected and identified using blood flow, as described in Sect. 2. We counted the number of sequences in which at least part of the carotid artery was detected. Table 1 shows the experimental results. The detection of the carotid arteries succeeded in 54 out of 61 sequences (88.5%). In 38.8% of the successful sequences, the entire shape of the carotid artery, consisting of CCA, Bulb, ICA and ECA, was detected. Parts of the CCA and ICA were detected in 27.8% of sequences, and the CCA alone and ICA alone were detected in 31.5% and 1.9%, respectively.
In most of the failed sequences, there was insufficient blood flow information to allow blood-flow regions to be detected. This was particularly true of the ECA, where no blood flow information at all could be acquired. We concluded that this was caused by either Doppler angle dependency or the depth of the carotid artery. In cases of severe stenosis, detection also failed due to lack of blood flow information. One limitation of the proposed method, therefore, is that lack of blood flow information prevents detection.
Next, we evaluated the accuracy of contour extraction. We randomly selected 20 images from sequences in which carotid arteries had been successfully detected in the first experiment. In the conventional contour extraction method, an expert manually delineates the LI contour(s) and MA contour(s) for each image. We used these contours as a ground truth for evaluating our proposed algorithm.
To measure the accuracy of our extracted contours, we compared them with the ground truth using Dice's coefficient (DICE), which is used for comparing the similarity of two samples. It is defined as
where X is the area extracted using the proposed method, and Y is the area of the ground truth. Table 2 shows the evaluation results of the proposed method for the 20 images. The average of the DICE for the proposed method was 93.7% for the MA contours and 93.4% for the LI contours. In most cases, the accuracy for the MA contours was higher than for the LI contours, since our proposed method extracts LI contours based on the shape of the MA contours. The accuracy for each part (CCA, Bulb, ICA/ECA) was virtually the same for all. Furthermore, the contour accuracies were almost the same for images with and without plaques. Table 2 also shows the evaluation results using the conventional snakes algorithm. Snakes was applied to the MA contours using the function cvSnakeImage of OpenCV (Open Computer Vision) library [14] with manually-assigned initial contours. The average DICE value for the snakes was 87.9%. The contour accuracy tended to be lower for images with plaque.
Yang et al. [10] proposed a method for common carotid artery segmentation based on the Active Shape Model. They reported that the method they used for their dataset yielded a DICE of 94.4% for the MA contours and 92.8% for the LI contours. The performance of their method closely matches ours. In their approach, however, the user needs to provide initial model points. Further, they only extract contours for Table 2 Experimental results for our proposed method. The positions "C", "B" and "IE" mean "CCA," "Bulb," and "ICA/ECA," respectively. the CCA. In our proposed method, we automatically extract contours for the whole portion of the carotid artery, which we believe provides additional advantages. Figures 9 and 10 show an example of the extracted contours using the proposed method and the manual method. Figure 9 shows examples of contours extracted with high accuracy (over 95%). Regardless of whether a plaque exists or not, the extracted contours are similar to the expertdelineated contours. Figure 10 shows examples of extracted contours with lower accuracy (under 90%). The contours for MA are extracted at the far outside of the expert-delineated contours, and the contours for LI are also extracted at the outside, since they are extracted based on the position of the extracted contours for MA. In our proposed method, the global energy corresponds to only the angle of the contour line. In future work, we will consider the introduction of a restriction term for global energy in addition to the angle term. 
Conclusion
In this paper, we propose a fully automatic method for extracting carotid artery contours from ultrasound images. The proposed method uses blood-flow information to identify the position of the carotid artery, and to improve the accuracy of extraction of the LI contours. The proposed method also applies a global energy minimization scheme to the active contour model to prevent local minima. Experimental results using clinical cases showed that the proposed method automatically extracts the carotid artery contours at an accuracy close to that achieved by manual extraction.
